Soil moisture mapping at a regional scale is commonplace since these data are required in many applications, such as hydrological and agricultural analyses. The use of remotely sensed data for the estimation of deep soil moisture at a regional scale has received far less emphasis. The objective of this study was to map the 500-m, 8-day average and daily soil moisture at different soil depths in Oklahoma from remotely sensed and ground-measured data using the random forest (RF) method, which is one of the machine-learning approaches. In order to investigate the estimation accuracy of the RF method at both a spatial and a temporal scale, two independent soil moisture estimation experiments were conducted using data from 2010 to 2014: a year-to-year experiment (with a root mean square error (RMSE) ranging from 0.038 to 0.050 m 3 /m 3 ) and a station-to-station experiment (with an RMSE ranging from 0.044 to 0.057 m 3 /m 3 ). Then, the data requirements, importance factors, and spatial and temporal variations in estimation accuracy were discussed based on the results using the training data selected by iterated random sampling. The highly accurate estimations of both the surface and the deep soil moisture for the study area reveal the potential of RF methods when mapping soil moisture at a regional scale, especially when considering the high heterogeneity of land-cover types and topography in the study area.
Introduction
Soil moisture controls the interaction between the land surface and the atmosphere in a climate system [1] , including the exchange of water, energy, and carbon fluxes [2] [3] [4] , by influencing the partitioning of the incoming radiant energy at the land surface into sensible and latent heat fluxes [5] . Generally, soil moisture represents the total amount of water restored in an unsaturated zone. Soil moisture in the root zone, usually 0~80 cm under the surface of a soil column, is critical to soil moisture and root zone soil moisture [40, [42] [43] [44] . The exponential filtering method, for example, can only provide accurate estimates as long as the soil characteristics are relatively homogeneous throughout the soil column. Moreover, that the lag time varies with climatic conditions and soil moisture dynamics at different depths might have a negative influence on the performance of the model [40] . Thus, estimation of regional soil moisture in the root zone is still challenging due to the spatially varied topography, soil properties, climate conditions, etc.
Data assimilation has become a popular and effective way to estimate root zone soil moisture by assimilating in-situ and remotely sensed observations into deterministic models [45] [46] [47] . The data assimilation method, based on physical processes, improves our understanding of soil moisture variation and its interaction with the land-atmosphere boundary. One of the advantages of data assimilation modeling is that it can provide spatially continuous estimations of soil moisture at each depth and at a defined spatial resolution. However, soil texture exerts a greater degree of control over soil moisture evolution and the spatial distribution of moisture in soils at a deeper depth where influences from forcing and feedback at the land-atmosphere boundary are typically smaller [47, 48] . Thus, when estimating deeper soil layers with different hydraulic properties from the surface soil layer, the data assimilation's performance will significantly deteriorate [47] . Under these constraints, more observations at deeper layers with more detailed information about the soil, the land cover, and their interaction are necessary to improve the data assimilation's performance when estimating soil moisture in the root zone [49, 50] . However, this information is usually difficult to obtain at a regional scale [49, 51] . Physiographic and geomorphic characteristics of most hydrologic systems are complicated, with a large degree of uncertainty in inputs, parameters, boundary conditions, and physical structures, which results in uncertainty and errors [52] . In addition, the application of physical-modeling-based methods is to some extent limited by the lack of required data and the expense of data acquisition.
To overcome the limitations of physical-modeling-based methods, machine-learning approaches provide an alternative to solve hydrological problems. They are based on an analysis of the data that characterizes the system under study with only a limited number of assumptions about the physical behavior of the system [53, 54] . Although machine-learning approaches cannot physically describe the natural process, they have the advantages of dealing with noisy data from dynamic and nonlinear systems without numerous data requirements [55] . They allow us to solve numerical prediction problems, reconstruct highly nonlinear functions, perform classifications, group data, and build rule-based systems [56] [57] [58] .
Recently, machine-learning approaches have been widely used to retrieve and downscale surface soil moisture from satellite observations [59] [60] [61] [62] [63] [64] [65] . However, the previous studies based on remote-sensing data mainly focused on downscaling or estimating surface soil moisture. To the best of our knowledge, there has, to date, been no reported use of machine learning for estimating root zone soil moisture at a fine spatial resolution based on remote-sensing data. Therefore, it will be interesting and meaningful to estimate root zone soil moisture via machine learning. It learns the relationship between soil moisture and all available information related to soil moisture variation, including topographical data, land-cover data, soil data, meteorological measurements, and remote-sensing observations.
In this study, a machine learning method was used to map both surface and root zone soil moisture (0~5, 25, and 60 cm depths from the surface of the soil column) at the regional scale with a 500-m spatial resolution based on data from multiple sources. The objectives of this study were: (1) to map multilayer soil moisture from multisource data at the regional scale via the random forest (RF) method, which is one of the machine-learning approaches; (2) to analyze the data requirement of this method by evaluating its performance with various training data sizes; (3) to examine the relative importance of the available variables and their variation in soil moisture estimation at different depths; and (4) to evaluate the performance at both a spatial and a temporal scale.
Materials and Methods

Study Area
Oklahoma, in the United States of America, lies partly in the Great Plains between latitudes 33 • 37' N and 37 • N and longitudes 94 • 26' W and 103 • W (Figure 1) . It is in a humid subtropical region. Most of the state lies in an area known as Tornado Alley, which is characterized by frequent interaction between cold, dry air from Canada, warm to hot dry air from Mexico and the Southwestern United States (U.S.), and warm, moist air from the Gulf of Mexico. The average annual precipitation increases sharply from west to east, ranging from about 431.8 mm in the far western panhandle to about 1422.4 mm in the far southeast. Oklahoma is a region with a highly variable climate, geology, and topography and diverse plant communities [66] . 
Data Collection and Pre-Processing
The interacting factors that are closely related to soil moisture and available at a regional scale are shown in Figure 2 , based on the mechanisms proposed by [67] . These factors influence or reflect the variation of soil moisture contents. Among these parameters, many of them are strongly interlinked.
To estimate multilayer soil moisture, the variables used to estimate soil moisture in this study include SMOS products (surface soil moisture, vertically and horizontally polarized brightness temperature), the normalized difference vegetation index (NDVI), the land surface temperature (LST), the actual and potential evapotranspiration (ET and PET, respectively), precipitation estimation from the Tropical Rainfall Measuring Mission (TRMM), Precipitation Analysis (TMPA) products, elevation, slope, net radiation (NR), soil property data, and the temperature/vegetation dryness index (TVDI), which are shown in boldface in Figure 2 and described in detail in Table 1 . Albedo data were used in a preliminary test, but were not included in this study, as they had little impact on the result in this study and also reduced the number of data records due to missing data. Variables that are closely related to soil moisture and also easily retrieved from satellite imagery were used in this study (shown in boldface). Both surface and root zone soil moisture are variables to be estimated (Shown in italics). NDVI, normalized difference vegetation index; LST, land surface temperature; ET, actual evapotranspiration; TVDI, temperature/vegetation dryness index; Rn, net radiation; Sn, net shortwave. 
SMOS Products
The European Space Agency (ESA)'s SMOS mission, which has been operating since November 2009, is the first satellite dedicated to measuring surface (~5 cm depth) soil moisture and ocean salinity. SMOS L3 ascending products for the period of 2010-2014 in~25 km cylindrical projection were used in this study, including soil moisture and horizontally and vertically polarized brightness temperature data at an incident angle of 42.5 • with a 1~3 day temporal resolution. These data were downloaded from CATDS (Centre Aval de Traitement des Données SMOS, http://www.catds.fr/). The ascending product rather than the descending product was selected in this study because the thermal equilibrium and near-uniform conditions in the surface soil layer and overlying vegetation required for soil moisture retrieval are more likely to be reliable at 6 a.m. than at 6 p.m [68] .
MODIS Products
The Moderate Resolution Imaging Spectroradiometer (MODIS) products used in this study include: 8-day composite 500-m Global Evapotranspiration data (MOD16A2, Version6), Daily and 8-day composite 1-km LST data (MOD11A1 and MOD11A2, Version6), and 500-m surface reflectance data (MOD09GQ and MOD09Qq, Version6) from Terra satellites for the period of 2010-2014. The study area covers two MODIS tiles (h09v05 and h10v05). The data were downloaded from NASA's Earth Observing System Data and Information System (EOSDIS; http://reverb.echo.nasa.gov/reverb/). The nominal equatorial passing time of Terra is around 10:30 a.m. and p.m. local solar time. The Terra MODIS instruments collectively provide two daily LST observations that are available for analysis, which enable analyses of day, night, and day/night LST differences (Lstday, Lstnight, and Lstgap, respectively).
The NDVI was calculated from the surface reflectance products (Equation (1)). ET and PET were obtained from the Global Evapotranspiration data. The ratio of ET to PET (ET/PET) was calculated from ET and PET. ET-related variables were only used in the 8-day soil moisture estimation, as MODIS ET products are only available for 8-day composition estimation rather than daily retrieval.
where ρ N IR and ρ Red are near-infrared and red reflectance, i.e., MODIS band 2 and band 1, respectively.
In-Situ Data
The ground-measured daily soil moisture (at 0~5 cm, 25 cm, and 60 cm) data from 2010 to 2014 in Oklahoma were obtained from the Oklahoma Mesonet website (www.mesonet.org/). The Oklahoma Mesonet is a jointly owned environmental monitoring network of the University of Oklahoma (OU) and Oklahoma State University (OSU), operated from the Oklahoma Climatological Survey. This network, which has been in operation since 1994, measures weather and soil conditions at 120 surface stations across Oklahoma. The daily soil moisture is based on the 24-hour average soil moisture at different depths at each Mesonet site. Quality assurance (QA) procedures are conducted daily on the Oklahoma Mesonet data using a combination of automated routines and human inspection to determine erroneous observations and repair sensors [69] .
Other Data
The TRMM TMPA products provide precipitation for the spatial coverage of 50 • N-S at the 0.25 • × 0.25 • latitude-longitude resolution from the wide variety of modern satellite-borne precipitation-related sensors [70] . TRMM 3B42, the TMPA product, from 2010 to 2014 was used in this study. Multiple time scale precipitation variables based on TRMM observations were calculated (Table 1) . Additional auxiliary data to improve the estimation performance include: elevation, net radiation (NR), and soil property data.
Shuttle Radar Topography Mission (SRTM) one Arc-Second Global elevation data, published in 2014, was downloaded from the Earth Explorer website (https://earthexplorer.usgs.gov/). It offers worldwide coverage elevation data at a resolution of one arc-second (30 meters) within a 50 • north and a 50 • south latitude. Slope data were calculated from the elevation data.
The net radiation data for 2010-2014 in the study area were obtained from the Earth Observatory website (https://earthobservatory.nasa.gov/global-maps). The measurements were made by the Clouds and the Earth's Radiant Energy System (CERES) sensors on the NASA Terra and Aqua satellites.
The soil property data of clay, silt, and sand content from the Harmonized World Soil Database V1.2, published in 2009, were used in this study ( Figure 3 ). The Harmonized World Soil Database is a 30-arc-second raster database with over 15,000 different soil mapping units that combines existing regional and national updates of soil information worldwide. This allows for soil components and attributes to be seen at a high level of spatial resolution (http://www.fao.org/soils-portal/soil-survey/ soil-maps-and-databases/en/). A simplified temperature/vegetation dryness index (TVDI) [67] was used to estimate the daily soil moisture in this study. The TVDI is related to surface soil moisture due to changes in thermal inertia and evaporative control of net radiation partitioning (energy balance) [67] , and is widely used to evaluate soil moisture status [71] [72] [73] . The TVDI from 2010 to 2014 in the study area was calculated based on an empirical parameterization of the relationship between land surface temperature (T s ) and NDVI (a triangular Ts/NDVI space, see [67] ) (Equation (1)).
where T s is the observed LST at a given pixel, T smin is the minimum LST in the Ts/NDVI space (on the wet edge), NDVI is the observed NDVI value calculated from MODIS surface reflectance data, and a and b are parameters defining the dry edge modeled as a linear fit to the data (T smax = a + b*NDVI).
Data Pre-Processing
Data from multiple sources have different spatial and temporal resolutions. All of the variables were resampled to 500 m × 500 m resolution to estimate the 500 m × 500 m soil moisture. For the 8-day average soil moisture estimation, 8-day composite LST and surface reflectance data that were totally cloud-free in the study area were used from the day of year 1 to 361 (e.g., 1, 9, 17 . . . 361) in 2010-2014 (Table A1) , and the other variables were integrated into the same time scale. For the daily soil moisture estimation, only cloud-free days of the whole study area (Table A2) in Oklahoma were selected from 2010 to 2014. Daily observations of the variables were collected on the selected days.
The reason for only selecting totally cloud-free images in the study area is that all data from 2010 to 2014 could be possibly selected as training data for analysis. Selecting totally cloud-free days generally ensured that observations from satellite imagery were available for all of the stations, that the data from different stations were observed at the same time, and that the number of observations at each station was nearly the same during the study period, which permitted a comparison of the estimation results for different stations. As a result, daily observations were much less than the 8-day composite data, as 8-day composite products were collected on the cloud-free days for each pixel for the 8-day period.
Observation errors in the variables may affect the accuracy of soil moisture estimation. Only pixels flagged as high quality in the quality-assurance data were retained. Low-quality data in the MODIS variables were eliminated because remote-sensing-based LST and NDVI estimates are strongly influenced by error, such as error caused by cloud cover, large sensor viewing angles, and uncertainties in surface emissivity [74] .
Methods and Application
The Random Forest Method
The random forest (RF) method is one of the machine learning approaches. It was used to map the regional soil moisture. It is an ensemble machine learning technique developed to improve the classification and regression tree (CART) methods that combine tree predictors [75] . A regression tree represents a set of hierarchically organized conditions or restrictions that are successively applied from a root to a leaf of the tree. Two parameters must be optimized in RF: the number of regression trees (ntree; the default value is 500 trees) and the number of input variables per node (mtry; the default value is 1/3 of the total number of variables). To model the relationship between soil moisture and available variables, a set of training input-output pairs were given (i.e., the calibration data set).
To find the optimal ntree and mtry values, mtry and ntree were optimized based on the root mean square error (RMSE) of the calibration using the training dataset [76, 77] . The ntree values from 1000-9000 with intervals of length 1000 were tested, while mtry was tested from 1 to 26 with a single interval. The ntree and mtry values that yielded the lowest RMSE were selected.
The RF Method's Application
In order to investigate the estimation accuracy of the RF method at both a spatial and a temporal scale, two independent experiments, a year-to-year experiment and a station-to-station experiment, were conducted in this study. The framework design is shown in Figure 4 .
In the year-to-year experiment, the 5 cm, 25 cm, and 60 cm 8-day average soil moisture (Y05_8day, Y25_8day, and Y60_8day, respectively) and the daily soil moisture (Y05_daily, Y25_daily, and Y60_daily, respectively) were estimated. It estimated the soil moisture at the stations at a randomly selected time using the ground-measured soil moisture at the corresponding data layer observed from the same stations but at other times as training data, i.e., the stations to be estimated in the test dataset are all the same as those in the training dataset.
In the station-to-station experiment, the 5 cm, 25 cm, and 60 cm 8-day average soil moisture (S05_8day, S25_8day, and S60_8day, respectively) and the daily soil moisture (S05_daily, S25_daily, and S60_daily, respectively) were estimated. It estimated the soil moisture of randomly selected stations using the ground-measured soil moisture at the corresponding data layer observed from other stations as training data, i.e., the stations to be estimated in the test dataset are all not included in the training dataset.
In Section 3 (Results), in order to demonstrate the estimation results of the proposed method, the 5-, 25-, and 60-cm depth soil moisture of all available stations in 2010 and 2012 was taken as the training data and that of all available stations from 2013 to 2014 was taken as the test data to estimate the 8-day average 5-cm, 25-cm, and 60-cm depth soil moisture and daily 5-cm, 25-cm, and 60-cm depth soil moisture. The 5-, 25-, and 60-cm depth soil moisture of a randomly selected two thirds of all stations from 2010 to 2014 was taken as the training data and that of another one third of all stations from 2010 to 2014 was taken as the test data to estimate the 8-day average 5-cm, 25-cm, and 60-cm depth soil moisture and the daily 5-cm, 25-cm, and 60-cm depth soil moisture. Then, in Section 4 (Discussion), in order to analyze and evaluate the data requirement, spatial and temporal variation in the model's performance, random sampling, and an iteration method were used to avoid overtraining and chance factors.
As for the year-to-year estimation, random sampling was run for 100 iterations for each estimation of soil moisture to select the data from one third, two thirds, and all stations as data pools, from which 1000 data records were selected from the corresponding pools as the test data, and then 100~20,000 data records were randomly selected from the corresponding remaining data as the training data, for each iteration. In each iteration of estimation, the stations included in the training data and the test data were the same. The final estimation accuracy of the RMSE was averaged from the accuracy of 100 iterations to control for random effects.
The process for estimating the daily soil moisture was similar to that for estimating the 8-day average soil moisture, but fewer data records were available. A total of 100~3000 and 300 data records were selected for the training data and the test data, respectively, for the year-to-year daily estimation. In the station-to-station daily estimation, for each iteration, data from one year, three years, and all five years were randomly selected to be the data pools, and then the data from 20 randomly selected stations were selected from the pool of the selected one year, three years, and five years of data as the test data. Data from 10~80 stations were randomly selected as the training data from the remaining data in the data pool. The final accuracy of each estimate was averaged by the estimation accuracy of 100 iterations to control for random effects.
In addition, caution was taken to avoid overtraining. The RF method is not sensitive to noise or overtraining, as resampling is not based on weighting [78] . First, random resampling and iteration methods were used to make the value pattern of the training data similar to that of the test data. Second, more than 20 variables were used in the RF method, as overtraining is less likely to occur with more variables. Moreover, the training data set's size was large; the effect of occasional overtraining can be minimized if a stable relationship between estimation accuracy and the training data set's size can be obtained.
Evaluation Method
The statistical relationship between estimated soil moisture and ground-measured soil moisture was analyzed in this study. A simple random sampling method was used to divide the calibration and validation datasets. Five statistical parameters, including the slope and determination coefficient (R 2 ) of a fitted line, the bias (Equation (3)), the root mean square error (RMSE) (Equation (4)), and the coefficient of variation (CV) of the RMSE (Equation (5)) to the average number of observations, were used to evaluate the estimation performance.
where y e,i is the i th estimated soil moisture value from the remote sensing data, and y o,i is the corresponding i th ground-observed soil moisture value. The reduction in mean square error (MSE) (Equation (6)), when permuting a variable, was used as the random forest importance criterion in this study [75, 79] . Standardized importance was calculated by changes in MSE and it was standardized by defining the importance value of SMOS_SM as 1.
Results
Multilayer Soil Moisture Mapping over Oklahoma
The 8-day average and daily soil moisture mapping at the depths of 5, 25, and 60 cm with a spatial resolution of 500 m was achieved using the RF method in this study. Figure 5 shows the estimated 8-day average and daily soil moisture maps within the year-to-year experiment using data from 2010 to 2012 as training data at the representative times of 11-18 December 2013 and 11 December 2013, respectively, using the data from 2010 to 2012 as training data.
The soil moisture estimated using the RF method has a higher spatial resolution with more detailed spatial information than the SMOS soil moisture data. With the increase in depth, the spatial similarity of the soil moisture between SMOS and the estimations deteriorated. SMOS instruments have a limited observational capacity in deep soil due to the limited penetration depth (<5 cm) of the microwave. However, there were few differences in the spatial pattern between the 8-day average and daily soil moisture estimations from both SMOS and the RF method at each depth, since little precipitation was observed from 11 to 18 December 2013. The total precipitation estimated by the TRMM satellite was only 0.64 mm during this period. Moreover, the estimated 8-day average soil moisture from the RF method was more continuous at the spatial scale, as there were no clear demarcation lines of the SMOS footprint, which are clearly visible in the estimated daily soil moisture maps. 
Year-to-Year Estimation
In the year-to-year estimation, quantitative assessments were used to compare the estimated soil moisture at each depth and the corresponding ground-measured soil moisture at the observation stations for the years 2013-2014. Figures 6 and 7 show the scatter plots of the ground-measured 8-day average and the daily soil moisture against the SMOS soil moisture and the estimated soil moisture.
As shown in Figure 6 , the estimated 8-day average had high accuracy (RMSE = 0.038~0.043 m 3 /m 3 ) and reproduced the spatial pattern well (slope = 0.804, 0.722, and 0.766). The accuracy and spatial pattern reproduction of the daily estimated soil moisture were inferior to that of the 8-day average estimation results in terms of slope, R 2 , RMSE, and CV ( Figure 7) . One reason for this is that the size of the training data set for the 8-day average estimation was about 4 times that for the daily estimation. In general, a larger size of the training data set would result in better estimation performance [77] . The different overpass times of the daily data from multiple sources might be another reason, which might also be the reason why a more stable relationship between the soil moisture and the available variables could be observed for the 8-day estimation but not the daily estimation. Nevertheless, the accuracy of both the 8-day average and daily soil moisture estimates at each depth was significantly higher than the SMOS observations in terms of all statistical parameters. The estimation accuracy varied with soil depth. The correlation between SMOS observations and the observed soil moisture was higher at the 5-cm depth than that at the 25-cm depth or the 60-cm depth. The reason for this is that the microwave band (1.41 GHz) of SMOS can only retrieve surface soil moisture information, and does not penetrate to deep soil layers. Similarly, the estimation accuracy was also higher at the 5-cm depth than that at the 25-cm depth or the 60-cm depth in terms of all statistical parameters, for both the 8-day average and daily soil moisture estimations (Figures 6 and 7) . Most of the inputs only reflect the land-surface properties; little information directly relates to deep soil moisture.
The differences in estimation accuracy between the 25-cm depth and the 60-cm depth in terms of the RMSE and the CV were smaller in the 8-day average estimation than those in the daily estimation. The 8-day average soil moisture estimated at a 60-cm depth delivered a better reproduction of the spatial pattern than that at a 25-cm depth in terms of slope and R 2 , but presented lower accuracy in terms of RMSE and CV. In the daily estimation, similar results were observed.
The data were imbalanced, as the in-situ observations have far fewer data records at a low value (<0.1 m 3 /m 3 ) of soil moisture, and estimation in extremely dry conditions is apt to be overestimated, especially at the 25-cm depth.
Station-to-Station Estimation
The year-to-year estimation experiment demonstrated the potential of the RF method to estimate soil moisture using ground-measured soil moisture observed in other years as training data. One issue is whether the relationship between soil moisture and the available variables in known stations can be applied to other sites with no ground-measured training data, which needs to be further studied. Thus, to verify the reliability of the RF method to estimate soil moisture at unknown sites, randomly selected data from two thirds of all stations were used as training data. Data from the other one-third of all stations were used as test data to conduct the station-to-station experiment.
Combining the available data from multiple sources using the RF method delivered higher accuracy than SMOS when estimating the station-to-station soil moisture. As shown in Figures 8 and 9 , the RF method was reliable when estimating the soil moisture for unknown areas in terms of slope, R 2 , bias, RMSE, and CV, although the result of the station-to-station estimation was inferior to that of the year-to-year estimation. Similar to the year-to-year estimation, with the increase in soil depth, the correlations between the SMOS/RF-derived soil moisture and the observed data deteriorated and the estimation accuracy decreased in terms of all statistical parameters. In addition, due to the soil moisture data imbalance, estimation under extremely dry conditions was apt to be overestimated, especially at the 60-cm depth (RMSE >0.05 m 3 /m 3 , CV >0.2). , and SM60, respectively) against the SMOS surface soil moisture (SMOS SM05) (a,c,e) and against the estimated SM05 (b), SM25 (d), and SM60 (f) of test data. n 1 is the number of data for training from a randomly selected two thirds of all stations, and n 2 is the number of data for testing from the remaining one third of all stations. Figure 9 . Scatter plots of the observed daily 5-, 25-, and 60-cm depth soil moisture (SM05, SM25, and SM60, respectively) against the SMOS surface soil moisture (SMOS SM05) (a,c,e) and against the estimated SM05 (b), SM25 (d), and SM60 (f) of test data. n 1 is the number of data for training from a randomly selected two thirds of all stations, and n 2 is the number of data for testing from the remaining one third of all stations.
Discussion
The year-to-year and station-to-station experiments showed that the RF method was able to obtain accurate soil moisture estimations in the study area by combining ground-measured and remotely sensed data. In the year-to-year experiment, the stations included in the test data set and the training data set were the same, but the performance varied with the quantities of training data records and included stations. In the station-to-station experiment, it is unclear how many data records and stations with ground-measured soil moisture are required to achieve a reasonable estimation accuracy. The contribution and importance of the considered inputs must be quantified. The spatial pattern of the accuracy of soil moisture estimates for individual stations must be analyzed. The variation in performance of this method at the temporal scale and the spatial scale must be considered. The uncertain sources affecting the RF method must be analyzed. In the following subsections, these issues are discussed.
Data Requirements in the Year-to-Year Soil Moisture Estimation
To reveal the influence on the estimation accuracy of the quantities for all data records and for the average data records of individual stations in the training data set, the performance of the RF method with different quantities of data records and observation stations in the training data set was collected. The average result was derived from 100 iterations. Figure 10 shows the estimation accuracy changing with included stations and data records in the training data set for the year-to-year soil moisture estimation. Figure 10 . The RMSE value of the estimated 8-day average soil moisture (a-c) and the daily soil moisture (d-f) changing with the quantity of data records in the training data set, and with a randomly selected one third of all stations, two thirds of all stations, and all stations in the training data set. The RMSE results were derived from 100 iterations.
As shown in Figure 10 , the RMSE of the estimated 8-day average and daily soil moisture at each depth decreases as the quantity of data records in the training data set increases, since the training data set's size is an important factor that can affect the results of the RF method's estimation accuracy [77] . When all available stations were included in the training data set and the testing data set, the RMSE of the estimation decreased rapidly when the number of data records was less than 2000 and 700 for the 8-day average soil moisture estimation and the daily soil moisture estimation, respectively, while it decreased slowly when the number of data records in the training data set was more than 2000 and 700, respectively. Accordingly, 2000 and 700 data records are necessary for training data with about 120 stations for the 8-day average soil moisture estimation and the daily soil moisture estimation, respectively.
In contrast to the 8-day average soil moisture estimation, the daily estimation needed less training data when the curve in Figure 10 became flat, although the final accuracy of the daily soil moisture estimation was slightly lower than that of the 8-day average soil moisture estimation at each depth ( Figure 10 ). This is probably because the daily variables, such as the daily in-situ soil moisture observation, the daily SMOS soil moisture and brightness temperature, and the LST, have a larger variation range than the 8-day composite data. As a result, daily soil moisture estimation by the RF method requires less training data but has a large variation range when capturing the relationship between estimated soil moisture and variables from multiple resources.
For both 8-day average and daily soil moisture estimation, with the same number of data records in the training data set, a higher accuracy was achieved when fewer stations were included. Fewer data records were required for an estimation with fewer stations than for an estimation with more stations. For example, as shown in Figure 10a , with randomly selected data from one third (40 stations) and two thirds (80 stations) of all stations, and all stations (120 stations) as training data, 8000, 14,000, and 20,000 data records are required, respectively, to obtain a similar accuracy to the 5-cm depth, 8-day average soil moisture results (about 200, 175, and 167 data records from each station for the three conditions, respectively). That is, including more data records from a corresponding station in the training data set will increase the estimation accuracy at this station more than when using data from other stations.
Data Requirements in the Station-to-Station Soil Moisture Estimation
The data requirement for the year-to-year estimation was discussed in Section 4.1; however, in most situations, we need to estimate the soil moisture of the locations where there is no ground equipment for soil moisture measurement using remote-sensing data and ground-measured soil moisture from other observation stations. Figure 11 shows the estimation accuracy changing with included stations and data records in the training dataset for the station-to-station soil moisture estimation. Figure 11 . The RMSE value of the estimated 8-day average soil moisture (a-c) and the daily soil moisture (d-f) changing with the quantity of observation stations in the training data set, and with a randomly selected one year, three years, and all five years of data, respectively, with the testing data set with the stations that were not included in the training data set, but on the same days. The RMSE results were derived from 100 iterations.
As shown in Figure 11 , the estimation error in the station-to-station estimation decreases with the increase in the number of data records and included stations in the training data set. A larger quantity of data records in this subsection means that data for a longer period were included (e.g., one year, three years, and five years). The estimation accuracy significantly increased when the number of stations participating in the training data increased, but the accuracy improved slightly with an increase in the number of data records from individual stations for the 8-day average soil moisture estimation.
This was probably because there were more data records available for the 8-day average soil moisture estimation than for the daily soil moisture estimation in a single year. Accordingly, in station-to-station soil moisture estimation for unknown stations, the quantity of observation stations included in the training data set increases the accuracy more than the quantity of data records from individual stations if the number of records from individual stations is not too small and the stations are evenly distributed.
In addition, compared to both the 8-day average and the daily 5-cm and 25-cm depth soil moisture estimation, the difference in the 60-cm depth soil moisture estimation accuracy with different numbers of training data records was less pronounced. The temporal and spatial variations in the 60-cm depth soil moisture were less significant than those in the 5-and 25-cm depth soil moisture. As a result, the temporal and spatial patterns of the 60-cm depth soil moisture were easier to estimate with even fewer training data records. Figure 12 shows the relative importance of variables in both the 8-day average and the daily soil moisture estimation by defining the importance of the SMOS soil moisture data as 1. Generally, the importance of variables derived from the SMOS satellite (Horizontally polarized brightness temperature (BTH), Vertically polarized brightness temperature (BTV)) decreased with an increase in soil depth because of the limited penetration depth (0~5 cm) of the used microwave band, which is also the reason why the correlation between the SMOS-derived and the ground-observed soil moisture decreased with an increase in soil depth (Figures 6-9 ). The impact of topographic features, such as elevation, slope, and soil properties, increased with an increase in soil depth, especially in the daily soil moisture estimation, as the variability of the surface soil moisture usually has a close connection to the upper boundary condition, while the variation in deep soil moisture is mainly controlled by soil properties and the topography [47, 48] . As shown in Figure 13 , the 5-cm depth soil moisture fluctuated due to the varied upper boundary condition, while the variation in the deep soil moisture is usually less sensitive than in the shallow soil. The importance of precipitation from the TRMM was not significant compared to other factors probably due to its coarse spatial resolution and the estimation error in TRMM precipitation products. There was no significant difference among the importance of the three precipitation-related variables in the estimation of the 8-day average soil moisture. The importance value of five precipitation-related variables in the daily soil moisture estimation varies. In addition, Figure 12 shows that the importance of precipitation on previous days or for a longer period tends to be more significant, as the soil moisture status is strongly correlated to previously accumulated precipitation and the time lag between precipitation and an increase of soil moisture, especially for deep soil moisture.
Factor Importance
In the 8-day average soil moisture estimation, the importance of NR, ET, and ET/PET increased with the increase in soil depth, which indicated that the water demanded for evapotranspiration might come from a deeper soil layer and is taken up by plant roots.
As to MODIS-derived variables (Lstday, Lstgap, and NDVI), there was no obvious trend with the increase in soil depth for the 8-day average soil moisture estimation. In the daily soil moisture estimation, the importance of Lstday decreased with the increase in soil depth. This is because the correlation between Lstday and soil moisture at the surface soil layer was higher than that in deeper layers and the daily variables that reflect the near-real-time conditions could capture this relationship more completely than 8-day average observations. Figure 14 shows the spatial pattern of estimation accuracy of 8-day average and daily soil moisture at different depths in the year-to-year and station-to-station experiments. Though daily soil moisture has a relatively lower estimation accuracy than 8-day average soil moisture, high accuracy (RMSE <0.05 m 3 /m 3 ) was achieved at most observation stations for both the 8-day average and the daily estimations, which indicates that the RF method is a reliable way to estimate multilayer soil moisture. In the crop-planting area (shown in Figure 1) , however, relatively larger RMSEs were observed, probably because human activities, such as irrigation and drainage, play a significant role in the soil water balance in crop areas; however, they were not considered in this study. Figure 15 shows that the estimation accuracy of both the 8-day average and the daily soil moisture estimations varied with the season. Both the 8-day average and the daily soil moisture estimation at each depth tended to have relatively lower accuracies in summer and autumn than in other seasons in terms of CV. The reason for this was that the ratio of data records with a low value in the training data was low; however, most of the low values took place in summer and autumn in the study area. The RF method has a limited capacity to estimate soil moisture with small values due to the limited number of data records with a low value in the training data. The soil moisture in spring and winter tends to be high. As a result, a lower CV was observed in spring and winter in both the 8-day average and the daily soil moisture estimations. 
Spatial Pattern
Seasonal Pattern
Error and Uncertainty Analysis
Several possible sources of errors affecting the performance of the RF method must be noticed. First, remaining clouds (pixel and sub-pixel) of the optical and infrared observations from satellites negatively affect the model's performance. Most undetected cloud-contaminated LST outliers occur in cloud edges, and a large proportion of the pixels with higher errors occur near identified clouds [80] . In addition, other observations (e.g., SMOS products, TRMM data, MODIS products, soil properties, and in-situ soil moisture observations) also suffer from uncertainty due to blemishes on instruments and imperfect algorithms. Mismatched observation times in the available data from multiple sources can also lead to errors in estimated soil moisture. Moreover, overestimation of low soil moisture (<0.1 m 3 /m 3 ) due to data imbalances is one of the limitations of the RF method, as fewer data records of low soil moisture observations were included in the training data set, especially when estimating soil moisture under extremely dry summer and autumn conditions.
Conclusions
In this study, based on satellite imagery and ground-measured soil moisture data, both 8-day average and daily soil moisture at multiple depths (5, 25, and 60 cm) were estimated by the RF method in Oklahoma, U.S. from 2010 to 2014. The efficiency of the RF method displayed no indications of overtraining, and the results of this study are promising. In the year-to-year experiment, the estimation accuracy of soil moisture at different depths varied from 0.038 to 0.043 m 3 /m 3 and from 0.042 to 0.050 m 3 /m 3 for the 8-day average and the daily estimated soil moisture, respectively. In the station-to-station experiment, the estimation accuracy varied from 0.044 to 0.052 m 3 /m 3 and from 0.045 to 0.057 m 3 /m 3 for the 8-day average and the daily estimated soil moisture, respectively. The 8-day average soil moisture estimation has a higher accuracy than the daily estimations for the reason that the larger size of the training data set for the 8-day average soil moisture estimation resulted in better estimation performance.
The accuracy of soil moisture estimation varied with space, time, and soil depth. On the spatial scale, the stations that were located in crop-planting areas tended to have a lower estimation accuracy of soil moisture. Taking information on agricultural practices into consideration (e.g., irrigation and drainage) might improve the performance of soil moisture estimation in crop-planting areas. On the temporal scale, a lower estimation accuracy of both the 8-day average and daily soil moisture at each depth was observed in summer and autumn due to a lack of data records with low soil moisture values. On the vertical scale, with the increase in soil depth, the estimation accuracy decreased due to the limited amount of information observed at the deep soil layer. To improve the accuracy at the deep soil layer, more information, such as the groundwater level, more detailed soil property information at a finer spatial resolution, and other factors that affect the estimation accuracy need to be included to improve the performance of the method proposed in this study.
The SMOS products, topography, and soil properties were important for the soil moisture estimation. SMOS products provide average information of land surface for each pixel with coarse spatial resolution, and significantly contribute to the surface soil moisture estimation. However, with an increase in soil depth, the importance of SMOS products decreases due to the limited penetration of the remote-sensing equipment. However, the importance of the topography and soil properties increase, since the soil moisture status at a deep soil layer mainly depends on the deep soil's properties and has a low correlation to the upper boundary. Other variables, e.g., precipitation and NDVI, were not significantly important for soil moisture estimation, and no clear trend was evident with an increase in soil depth.
The RF method shows great potential for mapping both surface and root zone soil moisture, especially considering the high heterogeneity of land-cover types and topography in the study area. Further improved performance could be achieved with the development of technology in remote sensing and ground monitoring. This method, however, must be used with caution given the noise in remote-sensing data and the time and scale gap among data from multiple sources and considering that an imbalance in training data might create uncertainty. Although the RF method demonstrated good performance, other data-driven methods, e.g., artificial neural networks (ANNs), as one of the deep learning approaches, should be further studied for regional soil moisture estimation. 
